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Abstract: The automotive industry plays a crucial role as an indicator of the 

economic development of the world economy, and now it is experiencing ever 

greater difficulties in supply chain disruptions caused by geopolitical factors, 

various kinds of catastrophes, fluctuations, and uncertainties. Supply chain-

based forecasting using artificial intelligence (AI) holds the promise to 

overcome these issues. This paper presents a systematic literature review of the 

most advanced AI approaches used in predicting supply chain disruption 

specific to the automotive industry. This paper discusses the fields of machine 

learning, deep learning, and a combination of both models used for predictions 

and predict and mitigate supply chain disruptions. Based on this, key 

implementation challenges, ethical factors, and the trends for further research 

have been identified using case studies and the latest developments to support 

improving the resilience and adaptability of automotive supply chains. This 

research proposal should fill the gaps between academicians’ work and 

practitioners’ real-world implementation initiatives in one of the most 

competitive and unpredictable sectors with solid theoretical knowledge and best 

practices. 
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1. Introduction: 

   The automotive industry is one of the most important industries in the global 
economy understood in terms of employment, trade and technology [1-3]. This sector 
mostly means that they have a closely networked and complex production system 
inclusive of the procurement of raw materials, fabrication of specific parts, their 
distribution networks, and selling sector. That is helpful in terms of minimizing cost 
and probably approaches optimality but the net effect is that the supply chain is 
pathologic to disruptions. Disruptions like political unrest, earth quakes, diseases and 
stock exchange fluctuations have more often toppled the supply chain network and 
exposed the automotive industries in the supply chain to extra ordinary costs and 
losses. 
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The traditional supply chain forecasting enables one to predict the supply need and 
demand requirements in a steady environment while providing a blind side to 
unpredictable disruptions [4]. Such approaches are applied largely based on historical 
data and may refer to steady-state models, which do not capture the dynamics and 
interdependencies in supply chain networks of the present times. Consequently, current 
conditions require new approaches that can learn from the context and be prepared for 
the unfavorable changes. 

Over the last few years, artificial intelligence has been discussed as a breakthrough 
technology that has a potential to revolutionize supply chain systems [5]. Due to recent 
enhancements in machine learning (ML) algorithms, deep learning models, and 
combined models, it becomes possible for AI documentation to process large volumes 
of structured and unstructured data in real time [6-8]. Through integration of artificial 
intelligence, patterns can be identified, prediction made on upcoming interferences and 
recommendation made on how to cope with the interferences. These capabilities are 
relevant and hold the promise of boosting the stability and flexibility of the automotive 
supply chain. 

With different businesses, AI has brought about positive impacts and its integration 
with automotive supply chain is not fully understood. Previous studies mainly deal 
only with individual functions and they do not capture the allied problem of supply 
disruption forecasting fully. In addition, the automotive industry has several issues 
unique to the supply chain, such as; Long lead times in the automotive supply chain 
network that deepen the linkages between the chain partners and make it almost 
impossible for an individual chain member to adapt to change without affecting the 
others. They all point to the need for a more targeted strategy of deploying AI in this 
sector of the economy. 

This paper seeks to fill the gap by offering a detailed analysis of the current use of 
AI in forecasting supply chain disruptions in a specific sector of today’s economy; the 
automotive industry. It provides a methodical overview of the approaches, 
technologies, and examples that have evidenced the ability of AI of improving the 
Chain’s supply robustness. As a result, it outlines important research directions, 
emerging ethical issues, and potential future prospects for applying AI to create more 
sustainable supply chain solutions. 

To the best of my knowledge, this review has several characteristics that make it 
unique, namely, the systematic integration of theoretical developments and practical 
applications of Corporate Social Responsibility (CSR), and the provision of such 
practical insights for both academics and practitioners. Consequently, this paper aims 
at identifying supply chain management trends that are currently emerging from the 
use of AI Technologies and formulating further research directions that can foster the 
expansion of knowledge in this area. It is trying to encourage cooperation between 
universities and companies to build reliable solutions for one of the most challenging 
and ever-evolving industries. 

In conclusion, the automotive supply chain is in uncharted territory which calls for 
new strategies. It evidences that AI, of which one of the main assets is the ability to 
predict disturbances and facilitate proactive actions, can suppress these impediments. 
This review aims to establish a framework to enhance the robustness and sustainability 
of the global automotive supply chain, addressing concerns about stability and 
economic growth. 



2. Problem Statement and Motivation 

Automotive industry is one of the most complex industries in the global supply 
chain, with linkages from raw materials producers to retailers [9]. Though streamlined 
for maximum productivity, it is highly vulnerable to disruptions due to geopolitical 
turmoil, climatic crises, and epidemic, or shortages as seen in the current chip crisis 
that slowed down automotive manufacturing. Such issues cannot be solved with the 
help of conventional forecasting techniques which have to a great extent been based on 
deterministic approaches supported by archival data. Such models are simple and 
provide supply chains with little means to address unexpected events such as 
pandemics or trade wars [10]. Moreover, traditional methods are limited to pre-
defined, and not flexible in terms of updating input data periodically using such 
sources as IoT sensors or social media analysis. This makes it difficult to come up with 
timely responses to any interruption such as delayed supplies from the supplier or any 
constrains in the transportation system when engaging in just-in time manufacturing.  

In addition, conventional approaches incompletely model dependencies found in 
supply chains of globalized organizations and may distort them due to their 
oversimplification. On the other hand, AI brings change by proposing premising 
solutions through employing high-level ML and DL. This makes AI more effective in 
respect of predictive accuracy, real-time monitoring, scalability and complexity issues. 
Whereas, based on various disparate data sources AI identifies initial disruption 
indications and takes preventive measures such as changing work schedules or 
redirecting deliveries. AI-based systems contribute to improving the ability to respond 
to the supply chain uncertainties which makes them apply to the automotive sector as 
reliable means for increasing the overall performance and coping with challenges [11-
13]. From this perspective, the shift from the reactive to the proactive approach places 
AI at the very heart of supply chain evolution. 

3. Methodology  

The present study followed a very strict procedure for a purpose of reviewing all 
the available literature on the use of AI in supply chain disruption forecasts in the 
automotive industry. In this section, information on the search strategy employed in 
this study and the categorization framework and analysis procedure are provided. The 
approach provides the level of transparency and refraining from biases to provide a 
clear synthesis of valuable findings from the existing research. 

3.1 Search Strategy 

The first activity in the papers review was done by employing a structured search 
method in order to sample the appropriate papers. Google Scholar, Scopus, IEEE 
Xplore and SpringerLink were searched to obtain a list of academic publications of 
high quality. The reason for choosing these databases was that both of the databases 
contain many articles on applied artificial intelligence and supply chain management. 

Keywords: Terms used were chosen in order to cover as many sources as possible 
while the results would still be pertinent. The primary keywords included: 



"Artificial Intelligence in Supply Chain", "Predictive Analytics in Automotive Supply 
Chain", "Machine Learning for Disruption Forecasting", "Deep Learning in Supply 
Chain Resilience", and "Automotive Supply Chain Disruptions" 

Inclusion and Exclusion Criteria: 

   The inclusion of suitable and good quality research studies was facilitated by the 
development of inclusion and exclusion criteria prior to the review. A systematic 
approach was used to select articles for this study where the articles met criteria: The 
articles had to be peer-reviewed, published between January 2015 to December 2024, 
had to discuss AI applications in supply chain disruption forecasting, and had to report 
the case study of automotive industry. On the other hand, any research with no 
practical specifications or real-life application was omitted and those in languages 
other than English and focused on general supply chain management not particularly 
AI-based forecasting. Thus, this course of filtering minimized the risk of using 
irrelevant and non-credited papers in the given field for advancing the research 
objectives. Literature search and screening process flowchart in the subsequent 
sections, figure 1 shows the flowchart used for identified and screened literature.  

Figure 1: Literature Search and Screening Process Flowchart 

3.2 Categorization of Research 

The identified and reviewed studies were grouped to allow systematic exploration 
of several aspects of AI implementation in the automotive supply chain. The categories 
were based on the following aspects (Table 1): 

 

 



Table 1: Categorization of Research 

Category Details 

AI Models and 
Techniques 

- Machine Learning (ML): Random Forests, Support 
Vector Machines, Gradient Boosting 

Deep Learning (DL) involves recurrent Neural Networks 
(RNNs), Long-Short-Term Memory (LSTMs), and 
Transformers. 

- Hybrid Models: Combination of ML, optimization 
algorithms and simulation-based approaches 

Automotive-Specific 
Case Studies 

Studies highlight AI applications to address disruptions, 
e.g. semiconductor shortages and natural disasters 

Performance 
Evaluation Metrics 

- Predictive Accuracy: Reliability of forecasts 

- Scalability: Applicability to different scales of supply chain 
operations 

- Cost-Effectiveness: Practicality and affordability of 
implementation 

3.3 Analysis and Comparison of Studies 

   A structured analysis of the selected studies established patterns of AI 
implementation with a shift from the traditional ML to DL and the integration of both. 
Other important challenges identified are lack of data, poor interpretability of the 
models, and interconnectivity. Cross-sectional comparison brought out areas of 
balance between strengths and weaknesses for instance, LSTMs are more accurate in 
computations than other similar models but have immense computational 
requirements. 

4. State-of-the-art AI Techniques for Supply Chain Forecasting 

Supply chain forecasting through the use of AI has evolved greatly and more tools 
used to predict and deal with disruptive events have been developed [14]. Promising 
improvements have been marked especially in confrontations with the complexity of 
this automotive supply chain. This section presents the best-performing AI models 
utilized in forecasting for the supply chain industry, based on their methodologies, and 
novel advancements in the automotive industry. 

ML models have found much use in supply chain forecasting thanks to its capacity 
to parse structured data and make predictive analytics. Other popular algorithms being 
used due to their accuracy and fast to implement include; Random Forests and 
Gradient Boosts [12]. Random Forests, a type of ensemble learning, avoid overfitting 
by creating decision trees in parallel to improve models’ accuracy. They are best used 
in datasets with different variables, such as supplier performance metrics and demand 
forecasts. Likewise, Gradient Boosting algorithms, that are XGBoost and LightGBM, 
deal with complex associated factors such as how a specific weather condition affects 



the logistics’ delay. Although there are advantages of approach-ML models for 
proposed supply chain scenarios are reliable and interpretable, they cannot work well 
with complex and dynamic supply chain scenarios because of their dependence on 
structured data and feature engineering. 

DL techniques are yet another class of intelligent models more suited for 
application in unstructured data, to isolate non-linear patterns. Neural Networks are 
often used to perform pattern classification that involve huge amount of data, for 
instance customer purchase tendency or supplier credibility indices. Long Short-Term 
Memory (LSTM) models and Recurrent Neural Networks (RNNs) are especially 
suitable for disruption forecasting when that involves a sequence data like shipment or 
production time line [15,16]. These models are sufficiently capable to capture temporal 
relationships, which give better predictive capabilities in fluctuating supply chain 
scenarios. Furthermore, relatively new in the field of supply chain forecasting, the 
transformer models display a great potential in analyzing large scale datasets and 
generating real-time forecasts to improve the decision-making process. 

Various hybrid models and ensemble methods have therefore emerged mainly 
because of the capability of merging the strengths of diverse AI approaches. In most 
cases, hybrid models combine ML with optimization techniques for the meaningful 
distribution of resources and the routing choice [17]. Likewise, integrating DL with 
simulation-based approaches enables the representation of supply chain scenarios with 
the simplicity of simulation while embracing the functionality of DL in effective 
prediction [18]. Further increasing the efficiency of the forecasts is ensemble methods; 
by combining the results from several models, one can minimize the biases and 
variances of separate techniques. These methods have especially been helpful in giving 
reliable predictions especially where there is much uncertainty in the supply chain 
conditions. 

AI developments in the last decade have been adjusted specifically to maintain 
needed functionality of the automotive supply chain. Particularly the JIT approach in 
automotive manufacturing systems and elements such as semiconductors have led to 
the emergence of specialized models due to the intensity of supplier networks in car 
manufacturing [19]. For instance, multi-echelon models predict disruptions in different 
supply chain levels, and hence offer an assessment of disturbance on higher and lower 
supply levels [20]. The blending of IoT devices including those used in movement of 
transport fleets has boosted real time tracking and prognosis. Also, the integration of 
XAI methodologies has enhanced measures of traceability in some of the forecasts and 
decision-making processes through giving the stakeholders a clear technique of how 
the AI came up with some of the results suggested [21]. 

All these modern approaches enable the automotive industry to shift from supply 
chain risk management to supply chain risk prevention. Through the active use of 
machine learning, deep learning, and combination of the two approaches, the sector 
can improve its response to crises within the increasingly unstable world conditions. 
The subsequent sections of this paper will give a real-life use of these various AI 
techniques within the automotive supply chain. 



5. Applications in the Automotive Supply Chain 

AI integration in the automotive supply chain has greatly transformed the industry 
as it optimizes the planning of disruptions [22]. This section takes time to look at case 
studies and real-world applications, discusses the challenges particular to the 
automotive industry, and explores a study that looks at how the application of AI has 
brought enhancements to forecasting. 

5.1 Real-World Implementations and Case Studies 

The use of AI technologies has shown that they can be useful in different parts of 

the automotive supply chain which reduce risks and improve operations (Figure 2). For 
instance, large-scale automotive producers have incorporated AI-driven predictive 
analysis in order to recognize future supplier related setbacks [23]. In one large 
example, an automotive company used ML models in order to predict destabilization 
of their suppliers, including issues with their financials or missed delivery dates on 
prior orders. This helped the company surge for other sources before its main supplier 
could go to other manufacturers to secure new clients, hence minimizing break and 
keeping up with the production calendar. 

Figure 2: AI Applications in the Automotive Supply Chain 

A similar notable implementation was evidenced by applying DL algorithms to 
weather patterns to predict transport transportation and delay [24]. AI systems 
leveraging IoT sensor data from vehicles and routes provided logistics departments 
with actionable recommendations to mitigate problems, preventing further disruptions 
and delays. These case studies demonstrate the suitability of AI to handle numerous 
and evolving difficulties in the AS Carrie supply chain. 

5.2 Unique Challenges in the Automotive Supply Chain 

Prospective analysis of the automotive field reveals that this industry offers some 
of the steepest challenges to efficient supply chain management. However, one quite 
profound issue is the multi-componentization of all sorts of elements in the field of 
vehicle production. Contemporary automobiles are constructed from thousands of parts 
which are acquired from many producers worldwide. A breakdown of a single 
component, for example, semiconductors or some specific alloys, can completely stop 
production [25]. 

Also, companies in the industry rely on the JIT manufacturing that makes the event 
even more vulnerable. JIT reduces inventory costs by receiving materials just in time 



for use but at the same time small disruptions result in large scale disruptions within 
the system. These problems are especially compounded by supplier dependencies since 
a problem in a lower tier supplier can cascade throughout the supply chain affecting 
several manufacturers and distribution companies. 

5.3 AI-Driven Improvements in Disruption Forecasting 

AI has been helpful with such issues due to its ability to improve disruption 
prediction. The information processing is carried out by using the best machine 
learning functions; supplier performance, market trends, political and geographic risks 
are some of the things that is analyzed by the system before they become risky. For 
instance, disruptions that are associated with natural disasters have been predicted by 
utilizing of the neural networks to analyze disturbances based on prior disaster 
frequency and effects on the supply chain [26,27]. 

Structural models such as Recurrent Neural Networks (RNNs) and Long Short-
Term Memory (LSTM) are especially useful in predicting time series disruptions 
including; the delay in shipping schedules. These models offer practical information on 
which supply chain managers can rely on to manage working capital, redesign 
manufacturing plans, and redirect deliveries before the occurrence of risks. 

There are additional levels of complexities where Hybrid AI solicits predictive 
analytics fused with simulation models . These systems generate different disruption 
types that help firms assess the consequences and create backup plans. Introducing 
artificial intelligence to the equations with human intelligence has been a step up 
whereby the automotive industry has been able to manage uncertainties and disparities 
leading to operational disruptions and interruptions. On Figure 3, it is demonstrated 
how AI contributes to supplier management, logistics, disruption prediction, inventory 
control, and supervision. 

Figure 3: AI contribution in the Automotive Supply Chain 



6. Key Findings and Research Gaps 

The analyzed literature indicates important progress made in the use of AI for 
supply chain forecasting, which now starts to incorporate DL and includes 
combinational approaches that combine ML with optimization. Still, there are several 
questions that remain unanswered unattended. Some of the challenges, that are resulted 
from data include the followings: training the AI models based on unstructured data 
and having limited training samples. Other issues, such as algorithm fairness and lack 
of clear decision-making, add to the ethical problematic as regards to the use of AI in 
managing supply chain. Furthermore, there is a lack of clear benchmarks regarding 
performance which also reduces their applicability, as the assessment at various stages 
turns out to be dissimilar. It is important to fill the gaps to help deliver stronger, fair, 
and easily scalable AI-driving SC forecasting processes. 

7.   Conclusion and Future Research Directions 

From this research endeavor, the power of change brought by AI in responding to 
the difficulties of supply chain forecasting in the context of the automotive industry has 
been discussed. AI comprising of the machine learning, deep learning, and the hybrid 
models also show great effectiveness in improving the accuracy of the predictions, 
response to change in real-time scenario and; ability to handle the intricacies of the 
supply chain as modern world depicts. It also covered some variations that are 
currently missing in the practical applications of the concept which require 
improvements such as data inadequacies, ethical issues, and absence of reference 
model of evaluation which are very important for fulfilling the efficiency of the use of 
the Artificial Intelligence effectively. 

To address these challenges the following advances AI solutions are suggested. 
Multi-enterprise cooperation may be solved with federated learning which allows 
training AI applications on joint datasets without revealing specific data. It is in this 
respect that this approach can greatly improve the forecast accuracy of AI in 
distributed supply chain networks. XAI is essential to enhance trust and improve 
organizational decision making since labelled AI outputs are simple to comprehend 
and interpret. However, AI and its conjunction with new technology like the IoT and 
the blockchain can give a better and safer linked supply chain system with highly 
efficient data interchange. 

Collaboration between the industry and academia cannot be over emphasized. It is 
possible to develop these types of relationships in a way that supports research, helps 
address business issues, and scales AI across the automotive supply chain. Further 
work must be done to help organizations enhance the stability and flexibility of further 
supply chain systems in the context of growing uncertainty. AI can be helpful to the 
automotive industry to create efficient and enhance supply chain solutions which is a 
larger area of concern, by filling the existing gaps, the industry can integrate AI to 
make efficient, future-proof supply chains. 
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